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Abstract 
Functional Statistics provides a suitable framework for the analysis of large dimensional data sets. In this 
paper, we consider the spatial autoregressive functional series (SARH(1)) framework. This framework 
allows the incorporation of spatial interaction to the statistical analysis of functional data (see Ruiz-
Medina [1], [2]). The SARH(1) model is fitted to the average ocean temporal temperature profiles, 
collected in different spatial locations, during the years 1998, 1999 and 2000. We have used the public 
oceanographic bio-optical database, The World-wide Ocean Optics Database (WOOD). The SARH(1) plug-in 
extrapolator is then computed, from the previously derived infinite-dimensional projection parameter 
estimator.  
Keywords: Markovian models; spatial functional extrapolation; spatial functional interaction;  spatial functional series models; 
temperature profiles. 
1. Introduction 
Functional statistical data analysis has experimented a fast growing in the last two decades, due to its 
richness and flexibility in the development of inference tools for large dimensional data sets. Several 
books and papers have been devoted in the linear functional modeling context for the analysis of temporal 
functional data (see Bosq [3]; Bosq and Blanke [4]; Ferraty and Vieu [5]; Ramsay and Silverman [6]; 
Ruiz-Medina and Salmerón [7]; Salmerón and Ruiz-Medina [8], among others). However, the spatial 
functional statistical framework still requires further development. Some attempts have been recently 
made in the Geostatistical framework. We mention just a few. Nerini et al. [9] justify the need to use the 
spatial functional statistics tools for incorporating the spatial interaction between temporal curves in the 
analysis of data in Oceanology (see also Monestiez and Nerini [10]). In this paper, an ordinary kriging 
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Fig. 2. Estimated correlation operators for year 1998; (a) ܮ෠଴ଵ; (b) ܮ෠ଵ଴Ǣ (c) ܮ෠ଵଵ. 
Fig. 3. Spatial functional plug-in predictors for years 1998 (left) and 2000 (right): (a) Top; ෠ܻଶଶ; (b) Bottom ෠ܻଷଷǤ
Fig. 4. Estimated functional quadratic errors of spatial functional plug-in predictor: (a) 1998; (b) 1999; (c) 2000. 
4. Concluding remarks 
In Figure 3, it can be appreciated the increase of the average temperature of oceans along the 
years studied that suggests a possible progressive global warming and climate change.  The results can be 
improved by selection of the truncation order from, for example, leave-one-out cross-validation, since 
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some redundancy is appreciated in the inversion of the functional system (generalized inversion has been 
performed).  Note that the selection problem associated with the orthonormal basis can also be solved by 
application of cross-validation procedures. 
Acknowledgements  
       This work has been supported in part by projects MTM2009-13393 of the DGI, MEC, and  P09-
FQM-5052  of the  Andalousian CICE,  Spain.  
References 
[1] Ruiz-Medina, M.D. Spatial autoregressive and moving average Hilbertian processes. Journal of Multivariate Analysis. 
2011a. 102 (2): p. 292–305. 
[2] Ruiz-Medina, M.D. Spatial functional  prediction from spatial autoregressive Hilbertian processes. 2011b.  
[3] Bosq, D.  Linear Processes in Function Spaces, Springer-Verlag. 2000. 
[4] Bosq, D., Blanke, D. Inference and Predictions in Large Dimensions. John Wiley and sons, Paris. 2007. 
[5] Ferraty, F., Vieu, P. Nonparameric Functional Data Analysis.  Springer, New York. 2006. 
[6] Ramsay, J., Silverman, B. Functional Data Analysis. Springer, New York. 2005. 
[7] Ruiz-Medina, M.D., Salmerón, R. Functional maximum-likelihood estimation of ARH(p) models. Stochastic Environmental 
Research and Risk Assessment. 2010. 24(1): p. 131–146. 10.1007/s00477-009-0306-2. 
 [8] Salmerón, R., Ruiz-Medina, M.D. Multispectral decomposition of functional autoregressive models. Stochastic 
Environmental Research and Risk Assessment 2009. 23(3): p. 289–297. 
[9] Nerini, D., Monestiez, P., Manté, C. Cokriging for spatial functional data. Journal of Multivariate Analysis 2010. 101(2): 
p.409–418.  
[10] Monestiez, P., Nerini, D. A cokriging method for spatial functional data with applications in oceanology. Functional and 
Operational Statistics. Contributions to Statistics. 2008. Chapter 36, p. 237–242, DOI: 10.1007/978-3-7908-2062-1-36. 
[11] Delicado, P., Giraldo, R., Comas, C., Mateu, J. Statistics for spatial functional data: some recent contributions. 
Environmetrics. 2010.  21(3):  p. 224–239. DOI:10.1002/env.1003  
 [12] Giraldo, R. Delicado, P., Mateu, J. Continuous time-varying kriging for spatial prediction of functional data: An 
environmental application. Journal of Agricultural, Biological, and Environmental Statistics. 2010. 15(1): p. 66–82. 
OI:10.1007/s13253-009-0012-z  
[13] Romano E., Balzanella A., Verde R. Clustering spatio-functional data: a model based approach. Studies in Classification, 
Data Analysis, and Knowledge Organization. Springer, Berlin-Heidelberg, New York. 2010. 
[14] Guillas, S.,  Lai, M.-J. Bivariat splines for spatial functional regression models. Journal of Nonparametric Statistics. 2008. 
22(4): p. 477–497.  DOI: 10.1080/10485250903323180 
[15] Basse, M., Diop, A., Dabo-Niang, S. Mean square properties of a class of kernel density estimates for spatial functional 
random variables. Annales De L'I.S.U.P. Publications de l'Institut de Statistique de l'Université de Paris. Number Special-Volume 
LII, Fascicule 1-2, Paris. 2008. p. 91–108 
